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Abstract—Detecting multiobjects in a wide-area scenario ef-
ficiently is a critical technology for industry and security ap-
plications. The detection performance has benefited enormously
from the probability estimation of the unknown environment.
Representative methods like the particle filter (PF) construct the
probability distribution model and iteratively locate target ob-
jects. However, randomly sampling and detecting image patches
in the large covering field-of-view (FOV) make these methods
inefficient and computation costly. To address these issues, we
propose a region probability map (RPM) guided fast wide-area
detection system that can simultaneously detect multiobjects from
a large FOV at 300 frames per second (fps) through a coarse-
to-fine grained detection paradigm. Specifically, a segmentation-
based RPM generation module is introduced to assign probability
measurements to different regions of the panoramic image,
which models how likely the desired objects will occur in these
regions. Then, based on the generated probability map of the
whole scene, a novel RPM-guided PF framework is proposed to
speed up the detection process by concentrating the detection
on high-probability areas. Finally, a rapid and low-latency active
detection system based on a wide-angle camera, a high-speed
camera, and an ultrafast galvano-mirror is implemented, which
gains a 15.38% efficiency improvement while achieves more
accurate detection compared with existing methods. Extensive
experimental results verify the robustness and effectiveness of
our proposed system.

Index Terms—High-speed vision, object detection, particle
filter, region probability map, wide-area surveillance.

I. INTRODUCTION

RECENTLY, there have been increasing demands for
high-level security in complex wide-area scenarios, such

as intelligent transportation monitoring, crowded public secu-
rity, and person authentication, which have led to the rapid
development of wide-area visual detection systems [1], [2].
These potential applications are often nonlinear and multi-
modal [3], placing higher requirements on the performance
of high-speed detection and the sensing strategy. In the area
of autonomous driving, vibrations detection, and factory au-
tomation, there is a strong demand for real-time detection,
which could enable the system to achieve high-speed sensing

This work was supported in part by the National Natural Science Foun-
dation of China under Grant 62276255; in part by the Scientific Instru-
ment Developing Project of the Chinese Academy of Sciences under Grant
YJKYYQ20200045.(Corresponding author: Qingyi Gu.)

Xianlei Long and Zhikai Li are with the Research Center of Precision
Sensing and Control, Institute of Automation, Chinese Academy of Sciences,
Beijing 100190, China, and also with the School of Artificial Intelligence,
University of Chinese Academy of Sciences, Beijing 100049, China (e-mail:
longxianlei2017@ia.ac.cn; lizhikai2020@ia.ac.cn).

Mengjuan Chen and Qingyi Gu is with the Research Center of Pre-
cision Sensing and Control, Institute of Automation, Chinese Academy
of Sciences, Beijing 100190, China (e-mail: chenmengjuan2016@ia.ac.cn;
qingyi.gu@ia.ac.cn).

[4], [5]. Processing speed is critical, especially when dealing
with complex environments, which suffer heavy performance
degradation when processed by traditional systems.

The key components of this task can be broadly divided
into two categories: (1) high-speed real-time object detection
and (2) efficient search strategy, which have been intensively
studied in theories and systems [6]–[8]. In the area of object
detection, where the fundamental task is to classify and
localize target objects in images, the mainstream method is
based on Convolutional Neural Networks (CNN) [9]–[11].
Since many regions in the monitoring scene are invalid, which
means that these regions can not provide clews for finding
target objects. So, another key factor that determines the
effectiveness of wide-area object detection is the rapid search
strategy, which is the cornerstone of detecting objects in a
large covering area.

An ideal image-based fast wide-area multi-object detection
system includes object sensing and object searching strategies
[12]. Unfortunately, there are inherent contradictions in terms
of object resolution, scanning FOV, and object detection speed,
which indicate that it is not possible to simultaneously cover
a wide-area FOV, get high resolution (HR) target images,
and scan multi-object with one camera at a high speed [8].
Consequently, the most critical challenge for a real-time wide-
area detection system is to accurately pinpoint objects of
interest in the wide-area FOV under the constraint of ultra-
low time cost. Although the Pan-Tilt-Zoom (PTZ) camera can
zoom-in remote objects by moving the pan and tilt angle of
its camera, the heavy weight and slow working speed limit its
application for real-time monitoring with multiple FOVs [1].

It is an indispensable part to design a flexible camera with
a telephoto lens to extend the limited FOV, which could scan
and switch multiple FOVs. However, most of the high-frame-
rate (HFR) systems are designed for single object tracking due
to their actuators’ lack of sufficiently high-speed capability.
To compensate for the above shortcoming, multi-PTZ-camera
systems have been designed to simultaneously detect multiple
objects that are distributed in a wide area [13], [14]. The
hybrid surveillance system inevitably introduces problems like
data association, multi-camera calibration, and synchroniza-
tion control, which increases the complexities of the system
and makes it rarely deployed in real-world applications.

Different from wide-area detection, the goal of the search
strategy is to speed up the convergence of the detection
process. The core idea is to reduce the search cost by concen-
trating on high-probability regions, thereby avoiding massive
detection consumption. A conventional method to search for
objects from an unknown scenario is the sliding window (SW)
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Fig. 1. An overview of the RPM-guided wide-area multiobject detection
framework. A segmentation model is utilized to process the wide-area
image. Then, an RPM generation module assigns probability measurements
to different regions. Finally, the PF is applied to high probability regions to
detect target objects.

method. However, characteristics like low target resolution and
irregular distribution make the SW method require traversal
scanning and detection, resulting in time-consuming perfor-
mance. Sampling-based methods, like particle filter (PF), are
superior to SW methods, which could refine the probability
distribution around important regions [15]. All these methods
require a pre-scanning of image patches in the wide field,
which is sub-optimal in search efficiency since many regions
are covering unrelated backgrounds that desired targets may
not appear in. How to produce a probability measure of the
whole scene to guide the detection task remains a challenge.

Consequently, in this study, as illustrated in Fig. 1, we
propose a region probability map (RPM) guided wide-area
detection system based on an ultra-fast switching galvano-
mirror and an RPM generation module to achieve real-time
multi-object detection. Specifically, to model the existence
probability of targets in an unknown environment, we design a
segmentation-based RPM generation module to assigns differ-
ent probability measurements to different regions according to
the object-region semantic relationship and the scene structure.
Then, a novel RPM-guided PF framework is proposed to speed
up the detection process by concentrating on important areas.

The main contributions of this research are as follows:

1) Segmentation-based region probability map (RPM)
generation. When getting a wide-area image captured by
the panoramic camera, we utilize a semantic segmentation
model to coarsely extract the foreground and background
of the large scene. Based on a novel probability measure
function, the potential regions where desired objects
may occur are selected and assigned relative probability
measurements, resulting in an RPM.

2) RPM-guided particle filter framework. A novel region-
based PF framework for fast object detection is intro-
duced. Based on the generated RPM of the wide-area

FOV, the sampling particles in PF are proportionally
assigned to different regions according to the regions’
relative probabilities. Then, a 2-axis galvano-mirror and
a high-speed camera rapidly captured the zoom-in particle
images. These images are analyzed by a CNN detector
that is employed as the probability estimator.

3) High-speed wide-area detection system. By integrating
the RPM generation module and the region-based PF
detection framework, an efficient wide-area detection sys-
tem that can search and detect multi-object at hundreds of
fps is implemented. A panoramic camera is employed to
provide the wide-area image. Then, an ultrafast galvano-
mirror coordinated with a high-speed camera is guided
by the RPM to detect multi-object in real-time. The
effectiveness and robustness of the entire system are
verified by conducting extensive experiments.

The remainder of the paper is organized as follows. Section
II reviews several related works, and Section III describes
the details of the RPM-guided wide-area detection framework.
Section IV presents the configuration of multiobject detection
system. We conduct several experiments and analyses in
Section V. Finally, Section VI concludes the paper.

II. RELATED WORKS

A. Detection FOV Extension

The existing approaches in the field of detection FOV
extension can be classified into two classes. The first one
is PTZ camera-based approach. Since a single camera has a
narrow FOV, a conventional system uses a telephoto camera
mounted on a pan-tilt driver motor to extend the FOV. Liu et
al. [16] proposed a PTZ camera-based object tracking system.
However, their system can only handle a single object at
once, which limits its application in real-time multi-object
detection. To realize simultaneous object detection in a large
FOV, several PTZ cameras are utilized to build up a wide-area
monitoring network, where each PTZ camera is responsible
for one object, and all PTZ cameras are assigned targets by a
center controller [14], [17], [18]. Nevertheless, these cameras
need camera calibration, data association, and control synchro-
nization, which increase the complexity of the system. Xue et
al. [13] proposed a local panoramic Gaussian mixture model
for PTZ background subtraction. Yong et al. [19] introduced
a panoramic image generation approach to extend the FOV.
However, the geometric parameters and panoramic transfor-
mation are needed to complete the generation. Meanwhile,
researchers have optimized the wide-area FOV in aspects of
coverage range [20], camera location and orientation [21], and
dynamic scenes [22]. These works ignore the extension speed
from a narrow FOV to a large FOV.

Another mainstream approach that aims to expand the lim-
ited detection FOV is based on the switching galvano-mirror.
Hu et al. [1] proposed a dual-camera surveillance system that
can operate at dozens of fps. A fast mirror-drive pan-tilt object
tracking system that can work at 500 fps was implemented
by Jiang et al [8], where the galvano-mirror is responsible
for multi-object switching. Other works on omnidirectional
object tracking have also been proposed [7], [23]. However, the
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detection performance heavily depends on the resolution of the
panoramic image, which affects the localization accuracy of
the galvano-mirror-based telephoto camera. In this research, an
ultrafast galvano-mirror is employed by the detection system
to extend the FOV in a fast mode, which could scan hundreds
of FOVs in one second.

B. Object Detection

With the progress made in CNN models, several object
detectors based on CNN architecture have been proposed. As
for the prediction stage needed by the detector, existing object
detection models can be generally classified into two classes:
the one-stage method and the two-stage method. The one-stage
detectors directly generate the localization and classification
results from dense grid points in a single shot. The represen-
tative models include YOLO [9] and SSD [10]. By using one
single CNN architecture, these models gain superior detection
speed owing to the structural efficiency. SSD improves the
accuracy by extracting features from different scales. Then,
RetinaNet [11] and YOLOv3 [24] have been proposed to
increase the performance further in terms of accuracy and
inference speed. In contrast, the two-stage models include an
additional region-of-interest (ROI) feature extraction stage to
improve the detection performance. Most two-stage detectors,
like Fast R-CNN [25], Faster R-CNN [26], are evolved from R-
CNN [27]. These models first generate region proposals based
on the extracted features, then, classification and regression
are separately processed by different heads. While these two-
stage models have superior accuracy compared with one-stage
detectors, their processing speed is relatively slow.

The detection speed of most CNN detection models is under
100 fps [28], which makes it hard to meet the demand for
high-speed real-time applications [4]. To achieve low latency
and high speed, many ultrahigh-speed object detection models
have been implemented based on a field-programmable gate
array (FPGA) and a high-speed vision platform [29]–[31].

To robust search out interest objects in the wide-area, in
this work, an efficient YOLOv3 model is integrated into the
RPM-guided multiobject detetction framework, which enables
the system to work at hundreds fps.

C. Efficient Search Strategies

The traditional search strategy for detecting objects in a
large FOV is the SW method. It first scans the HR image
of a small FOV from a predefined scanning pattern, then
analyses the scanned detailed image by using object detectors.
The processing time increases significantly when setting a
small scanning stride. To reduce the search time spent on
invalid areas, Gualdi et al. [15] proposed a multistage particle
windows (MPW) algorithm to sample particle windows in
a large FOV and estimate the likelihood density function
with Gaussian kernels. Following that, an incremental particle
window (iPW) [32] is introduced, which further reduced the
search cost via a novel rejection-oriented proposal distribution
algorithm. The method could efficiently search out objects and
avoid analysis of the massive non-object areas in a large image.

Following that, Long et al. [12] introduced a novel MPF wide-
area multiobject detection system, which could search out
objects in a large FOV at 300 fps. However, their method must
sample particles from the whole wide-area scenario at the first
stage, resulting in a high scanning cost on unrelated regions.
Apart from the PF probability framework, other methods like
Gabor filter [33], hybrid deep learning and Gaussian process
network [34], segmentation based important region extraction
[35], [36], etc., have shown good performance in region
reduction. Nevertheless, the existing algorithms are aimed at
optimizing the probability around important regions or simply
extracting potential areas without considering the subsequent
task of real-time high-speed detection. When these search
strategies are applied to a large FOV detection task, their
search performance needs to be jointly optimized. On the
contrary, in this research, a segmentation-based probability
estimation method is introduced to construct the object and
region relationship in specific areas. Guided by the RPM,
the sampling resources could concentrate on high-probability
regions where desired objects may occur.

III. REGION PROBABILITY MAP-GUIDED FOR FAST
WIDE-AREA DETECTION

In this section,we first describe the efficient segmentation-
based RPM generation module to reduce the search regions
in Section III-A. Then, the RPM-guided PF applied to the
extracted regions is described in Section III-B. Finally, an
optimized control strategy that implements region extraction
and object detection in real time is given in Section III-C.

A. Segmentation-Based RPM Generation

Existing methods need to search objects from the whole
large monitoring area, resulting in a non-negligible search
cost on invalid areas [15], [32]. Since the structure of the
covering scenario is unknown and dynamically changes over
a period of time, it is unsuitable to predefine the search
regions. To reduce scanning time on unrelated regions, we
propose a segmentation-based search region reduction module
to generate the probability map of the wide-area FOV. Based
on the statistical information of the object-region relationship
and the segmentation mask, a probability measure function is
introduced to process each region in the captured scenario,
which assigns a relative probability that measures how likely
an desired object is to occur in that region.

Owing to the superior generalization performance of CNN
models trained on large-scale datasets, we utilize a CNN-based
semantic segmentation model to process the dynamic captured
image. Specifically, as shown in Fig. 2(a), a panoramic image
is captured by a wide-angle camera, and the covering scene is
denoted as Ip. Then, we fed this image into a CNN-based
semantic segmentation model. As this procedure is a pre-
selection of potential regions, which will be precisely analyzed
by the following PF detection part, a coarse-grained segmen-
tation model suffices. Therefore, we select DFANet [37] to
segment the scene for its good trade-off between accuracy
and segmentation speed. It’s worth noting that any model that
satisfies the real-time processing requirement can be chosen
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Fig. 2. The diagram of the segmentation-based RPM generation module. (a) A
dynamic wide-angle camera first captures the panoramic image Ip. In (b) and
(c), the captured image is processed by a CNN segmentation model and then
outputs a semantic mask Sr . (d) Based on the segmentation result, an RPM
generation module assigns different probability measurements F(Sr,O)
to different regions according to the object-region semantic relationship
P (O|Sr) and the scene structure P (Sr).

as the segmentation network. After that, as illustrated in Fig.
2(b) and (c), a coarse semantic mask is obtained. Based on
the segmentation result, a new mapping mechanism called the
task-specific semantic probability measure function is applied
to the mask. We give the detailed steps for calculating the
RPM as follows.

Assume that the object of interest O exists in a semantic
region Sr with a certain probability P (O|Sr). How to get this
statistical information will be discussed in Section V.

Let Ω be the segmentation result of panoramic image Ip:

Ω = SegModel(Ip), (1)

where Ω includes several different disjoint segmentation masks
Sr, r = 1, ..., n:

S1 ∪ S2 ∪ · · · ∪ Sn = Ω,

Sr ∩ Sj = ϕ, ∀r ̸= j.
(2)

Thus, Ω forms a sample space. Here, the segmentation mask
Sr is identical to the semantic region. Then, the prior proba-
bility P (Sr) of each mask Sr is calculated according to the
relative area of its semantic mask to the whole image (i.e., the
image size):

P (Sr) =
AreaSr

AreaIp
, r = 1, 2, . . . , n. (3)

The probability measure of different masks also satisfied the
following constraints:

P (Sr ∪ Sj) = P (Sr) + P (Sj), r ̸= j;

P (Sr ∩ Sj) = 0, r ̸= j.
(4)

Following that, we have:

P (Ω) =

n∑
r=1

P (Sr) = 1, (5)

as a result, P (·) is a probability measure function.
Since it’s not optimal to assign each region a measure P (Sr)

by calculating the proportional of the area of that region (e.g.,

buildings and the sky occupy a large proportion of the area
in the monitoring scene, but the probability of cars appearing
in these regions is extremely small), nor to just specify the
prior statistical information P (O|Sr) obtained from the dataset
to each mask Sr without considering the structure of the
captured panoramic image Ip (e.g., the road has the largest
probability that cars will appear around, but the area of the
road is extremely smaller). In the segmentation sample space
Ω, we define a probability map generation paradigm to assign
a relative probability measurement to each region, which
indicates how likely objects will occur in that region.

Here, the probability measure function F(·) is defined by
considering both the probability of object-region semantic
relationship P (O|Sr) and the scene structure P (Sr) to process
each region Sr ∈ Ω:

F(Sr,O) =
P (Sr)× P (O|Sr)∑n
r=1 P (Sr)× P (O|Sr)

, (6)

where
∑n

r=1 P (Sr) × P (O|Sr) acts as a normalizing con-
stant. Note that, for every semantic segmentation region Sr,
F(Sr,O) is the assigned probability that measures how likely
an object O occurred in this region. The probability function
F(·) meet these constraints: if a target object exists in the
captured image scene, it must occur in one specific region of
the whole scene. So, these can be formulated as follows:

n∑
r=1

F(Sr,O) = 1;

0 ≤ F(Sr,O) ≤ 1, r = 1, 2, . . . , n.

(7)

To prove the correctness of our proposed function, by using
the law of total probability, we have:

n∑
r=1

P (Sr)× P (O|Sr) = P (O). (8)

Then, based on Bayes’ theorem, we can transform F(·) into:

F(Sr,O) =
P (Sr)× P (O|Sr)∑n
r=1 P (Sr)× P (O|Sr)

=
P (O|Sr)× P (Sr)

P (O)

= P (Sr|O),

(9)

which represents the conditional probability of Sr. For oc-
curred target object O, P (Sr|O) gives how likely O is within
region Sr. Obviously, the occurred object O must lie in one
segmented region Sr of the whole segmentation result Ω:

n∑
r=1

P (Sr|O) = 1. (10)

This is the same conclusion that we deduced in Eq. 7. Thus,
our proposition is proved in the probability space.

Finally, according to Eq. (6), by calculating F(·) for every
segmentation mask in Ω, an RPM is generated. The captured
unknown scene Ip gets a probability measure F(Ω,O). Fig.
2(d) displays the generated RPM, which includes a relative
probability measurement for each region. It’s worth noting that
the map generation is efficient; it needs just area statistics
and a few multiplications, for which the computation cost is
negligible.
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TABLE I: The notation and its meaning for RPM-guided PF

Notation Meaning

x = (θh, θv) Particle x with positions: θh and θv
xi

k The ith particle at stage k
wi

k The weight for particle xi
k

zk FOV corresponding to region Sr at stage k
p(xk|xk−1) Predicted state transition function
p(zk|xk) State measurement function
p(xk|zk) Posterior probability distribution of the object state
q(xk|xk−1, zk) Proposal distribution (PD) for importance sampling

B. RPM-Guided Particle Filter

Although the search regions get probability measures, the
search space of important regions is still huge. How to effi-
ciently detect objects from the reduced FOV is still unresolved.
The PF algorithm includes four main steps: randomly sampling
particles; predicting particles’ next states; updating the parti-
cles’ states according to the measurements; and resampling
particles based on an importance function. Through several
iterations, the minimum variance estimation of the unknown
model is achieved. The original MPF framework is based
on the PF algorithm that is designed to detect the randomly
distributed objects of interest in the wide-area FOV [12].
During detection, MPF could provide the object’s probability
distribution over the state space of sampling particles.

Unlike the sampling space in the MPF detection framework,
the RPM-guided PF is working on the reduced search space.
Based on the generated probability map, for regions with lower
probabilities, the sampling particles are seldomly distributed in
these regions. While most of the particles are assigned to high
probability regions according to the probability measurements,
making detection resources concentrated more on important
spaces in the wide-area FOV.

At stage k, we list the main steps of the region-guided
PF framework for each region Sr. The notations and their
corresponding definitions are given in Table I. The basic
framework of RPM-guided PF is shown in Fig. 3.

• Step 1 Region Particle Assignment: Based on the RPM,
each region Sr is assigned different number of particles
according to the region’s probability measurement.

NSr
= F(Sr,O)×Nk, r = 1, 2, . . . , n, (11)

where Nk is the total number of particles at stage k. Thus, a
region with a higher probability measure gets a large number
of particles NSr

. This step will lead to the PF focus more on
detecting objects in important regions, and vice versa.

• Step 2 Importance Sampling: For region Sr, PF is
applied to it to detect objects according to the assigned particle
numbers. As can be seen from Fig. 3 Stage k – (a), based
on the assignment particle numbers NSr , and the predefined
q(x), the particles are sampled from the selected region Sr:

xi
k ∼ q(xi

k|xi
k−1, zk), i = 1, 2, . . . , NSr

, (12)

where xi
k = (θh, θv), and θh and θv are the horizontal and ver-

tical positions of particle xi
k, respectively. Then, these sampled

particles are put into particle set PSk =
{
x1
k, x

2
k, . . . , x

NSr

k

}
.

In this research, the PD function equals to the predict:

q(xi
k|xi

k−1, zk) = p(xi
k|xi

k−1). (13)

At first stage 0, the initial PD q0(x) uses a uniform dis-
tribution: q0(x) = U(x). The system draws NSr particles
uniformly from the FOV of region Sr to detect objects, and
each particle has the same weight: wi

k = 1/NSr
.

• Step 3 Weights Update: As shown in Fig. 3 Stage k
– (b), an ultrafast 2-axis galvano-mirror is rapidly switching
to the position (θh, θv) of particle xi

k, and a high-speed
telephoto camera is responsible for capturing the particle
image Img(xi

k). Then, a CNN object detector is utilized to
compute the measurement p(zk|xi

k):

p(zk|xi
k) = CNNDetector(Img(xi

k)). (14)

Since the objective function is to approximate p(xi
k|zk), we

can resort to the Bayes’ rule to model this posterior distribution
based on the measurement p(zk|xi

k) and the state prediction
p(xi

k|xi
k−1). The updates weight of each particle is:

wi
k = wi

k−1

p(zk|xi
k)p(x

i
k|xi

k−1)

q(xi
k|xi

k−1, zk)
, i = 1, 2, . . . , NSr

. (15)

According to Eq. (13), Eq. (15) can be simplified as:

wi
k = wi

k−1p(zk|xi
k), i = 1, 2, . . . , NSr

. (16)

Hence, the weights of sampling particles from region Sr is
updated according to the detection result of particle image.

• Step 4 Calibration of Particle State: This step aims
to remove particles that have overlapping FOVs and lower
weights. Suppose one object b is detected by Eq. (14). The
size of the captured image corresponds to xi

k is W ×H . The
output of object b is denoted as b = (wc, wx, wy, ww, wh),
where wc, wx, wy , ww and wh are the output confidence,
center x, center y, width, and height of the CNN detector
for object b in the image coordinate, respectively. Then, by
using the calibration function, we can get the center of object
b̂ = (b̂θh , b̂θv ) in the calibrated sampling space.{

b̂θh = f(wx) = θh + α(wx −W/2),

b̂θv = f(wy) = θv + α(wy −H/2),
(17)

where (θh, θv) is the sampling position for particle xi
k, and α

is the scaling factor (unit: degree/pixel). The unit of b̂θh , b̂θv ,
θh and θv is degree, whereas the unit of wx, wy , W and H
is pixel.

If two objects b̂
i

, b̂
j

are close to each other, which means
these particle images may contain the same object but captured
and detected by two different particle images. Thus, Non-
maximum Suppression (NMS) needs to be introduced to filter
out the potential repeated objects and reserve the unique object
with the highest detection confidence. If the distance larger
than the predefined threshold τd, we retain both objects. The
NMS is:

NMS(b̂
i
, b̂

j
) =


b̂
i
, if dist(b̂

i
, b̂

j
) < τd and wi

c ≥ wj
c ;

b̂
j
, if dist(b̂

i
, b̂

j
) < τd and wi

c < wj
c ;

b̂
i
∪ b̂

j
, otherwise,

(18)
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Fig. 3. The framework of RPM-guided PF for multiobject detection, where xi
k = (θh, θv) is the particle’s position. The system iteratively searches for

objects. (1) At stage k-(a), based on the RPM of the wide-area, the system samples n particles in high-probability regions, i.e., region S1,S2; (b) is scanning
to capture the particle’s image Img(xi

k) and applying it to the PF. (c) is the probability estimation result. (2) At stage k+1, the region-based PF is sampling
particles on the refined regions, and repeating the PF steps. (3) At the final stage, the detection framework searches out several objects of interest.

where wi
c and wj

c are the confidence of detected object bi and
bj , respectively. The distance between two particles is just the
switch angle of pan and tile mirrors, so, we use ℓ1 norm to
compute the distance.

dist(b̂
i
, b̂

j
) = ∥b̂

i
− b̂

j
∥1,

= |b̂iθh − b̂jθh |+ |b̂iθv − b̂jθv |.
(19)

After NMS, we retain the filtered particles into final particle
set P̂Sk. The weights in P̂Sk need to be normalized:

ŵi
k =

wi
k∑N̂Sr

i=1 wi
k

, i = 1, 2, . . . , N̂Sr
, (20)

where N̂Sr
is the number of filtered particles in P̂Sk. Then,

the PD for region Sr is updated:

qk(xk|xk−1, zk) =

N̂Sr∑
i=1

ŵi
k ×N (ŵi

k,Σ), (21)

where N (ŵi
k,Σ) is Gaussian distribution, Σ is the unit covari-

ance matrix. The Gaussian mixture model (GMM) is utilized
to estimate the distribution of objects. By using the updated
PD function, newly sampling particles will move toward to
more higher probability regions where object will occur in.

• Step 5 Resampling and Selection: During resampling,
we replace low probability particles with replicas of more
confident particles. As a result, particles with higher weights
will get more replicate particles. Then, to enable the system
to capture more newly occurrence objects in high-probability
regions, Gaussian noise is added to each resampling particle
to get x̃i

k. Then, the weights of all the resampled particles
are reset to 1/NSr

. The estimated probability density map
after one stage’s RPM-guided PF is shown in Fig. 3 Stage
k – (c). Based on the refined high-probability region, Fig. 3
Stage k+1 – (a) illustrates that the step of resampling particles
around the updated regions at a new stage k+1. The following

Processing timeline

Stage k

wide-angle camera

segmentation

(a) sampling

(b) capturing

(c) detection

(d) updating

𝑥!" 𝑥!
#!𝑥!$ 𝑥!%

𝑥!" 𝑥!
#!𝑥!$ 𝑥!%

𝑥!" 𝑥!
#!𝑥!$ 𝑥!%

⋯⋯

⋯⋯

⋯⋯

region 𝑆" 𝑆$

ultrafast galvano-mirror camera

Fig. 4. The processing timeline of the high-parallelism control strategy.

steps at stage k+1, like scanning, PF and state calibration are
sequentially executed.

At the final stage, as shown in Final Stage K of Fig. 3, the
RPM-guided PF is finished. Further continuous object tracking
could be implemented based on the calibrated particles that
are retained in the final particle set PS. It is noteworthy that
benefited from the state calibration step, once the captured
object moves, the RPM-guided PF detection framework can
adjust the particle to the center of the FOV. Thus, fine-grained
object detection is implemented based on the coarse-grained
segmentation-based RPM.

C. High Parallelism Control Strategy

To design an efficient wide-area detection system, high
speed visual feedback is a critical factor that impact the
searching and detection speed. In this research, we imple-
ment a coarse-to-fine grained wide-area multiobject detection
system that can analyze hundreds of FOVs simultaneously.
Specifically, as shown in Fig. 4, we design an high speed
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Wide-angle camera module

Tilt mirror

High-speed camera

Pan mirror

𝜃ℎ = 0

𝜃𝑣 = 0

𝑥𝑘
𝑖 = (0, 0)

(a)

The FOV of wide-angle camera

𝑥𝑘
𝑖 = (𝜃ℎ, 𝜃𝑣)

The captured

PF image 

(b)

Fig. 5. (a) The projection geometry of the system. It first rotates the pan and
tilt mirror to the particle’s position. Then, the high-speed camera captures the
particle image. (b) On top is the panoramic image captured by the wide-angle
camera. At bottom is the captured particle image of xi

k = (θh, θv).

control module that integrate the proposed algorithms in a
high parallelism, low latency paradigm. At the first procedure
of stage k, as depicted in the upper part of Fig.4, a panoramic
image captured by a wide-angle camera is segmented via a
CNN model. Then, the RPM generation module is applied to
the segmentation mask.

Based on the generated region measurement map F(S1,O),
the following RPM-guided PF is running in a time-division
multithread scheme. As can be seen in the lower part of
Fig.4, at stage k, for each region, procedure (a) is the particle
assignment and importance sampling, which is computed
rapidly with negligible cost. After that, (b) the capturing thread
is scheduled in the control timing, which includes 2 steps:
an ultrafast galvano-mirror rotates to each particle xi

k, and
the high-speed telephoto camera is triggered to capture the
image corresponding to each particle. Then, we design (c) the
detection thread, where a CNN detector is used to compute
the state measurement for weights update. The final thread
(d) updating includes particle state calibration and importance
resampling. After region S1 is processed, S2 is immediately
sent into the processing schedule. By now, the whole processes
of stage k is finished, and several objects of interest are
searched out from the extracted important regions. Thus, the
probability map is updated according to the detection result
of RPM-guided PF. Consequentially, each detected object can
be continuously observed in a detailed image at every stage
by executing time-division multithread control, besides, our
detection system could concentrate on the more likely regions
that newly desired objects will occur in at the next stage.

IV. HIGH-SPEED WIDE-AREA MULTIOBJECT DETECTION
SYSTEM

A. Projection Geometry

To show the projection geometry, we establish the geomet-
ric coordinate system of the proposed wide-area multiobject
detection system. As shown in Fig. 5(a), at the RPM gen-
eration phase, the wide-angle camera module is responsible
for providing the wide-area image of the covering scene.
Then, at the region-guided PF phase, the high-speed camera

High-speed camera

Tilt mirror

Pan-tilt galvano-mirror

Optical path

Pan mirror

Wide-angle camera

Fig. 6. The configuration of the proposed system, which includes a wide-angle
camera, a high-speed camera, and a pan-tilt galvano-mirror.

combined with an ultrafast switching galvano-mirror (i.e., pan
and tile mirrors) is actuated to capture the detailed image
corresponding to particle x = (θh, θv). In the projection
geometry, θh and θv are the horizontal and vertical angles
of the pan and tilt mirror, respectively. The rotation range
of the galvano-mirror is 40◦ × 40◦. The coordinate origin
of the detection system is (0◦, 0◦), which is also the center
of the wide-area image. For any given particle position, the
system could rotate to the desired angle within milliseconds
to capture an HR image. Fig. 5(b) shows the wide-area image
of the large FOV and the detailed particle image corresponds
to xi

k = (θh, θv). The scaling factor α in Eq. 17 is set to 0.0059
during the calibration step of the mirror-camera system.

B. System Configuration

To demonstrate the effectiveness of our proposed RPM-
guided PF for fast multiobject detection in a wide area,
we develop a real-time active vision system by utilizing
a wide-angle camera (A5201CU150, Dahua), a high-speed
camera (A7040CU000, Dahua) and a 2-axis galvano-mirror
(TSH8310A, Sunny Technology). Fig.6 shows an overview
of the proposed system. The wide-area camera has a CMOS
image sensor with a size of 2/3 inch, and the pixel size is
4.8 µm × 4.8 µm. A wide-angle lens with a 6 mm focal
length is mounted on the camera, and this camera can work
at 150 fps by capturing and transferring 10-bit 1920 × 1200
color images to the control computer via a USB 3.0 interface.
Whereas the high-speed camera head mounted with a 16 mm
focal-length lens has a color CMOS sensor with resolution 720
× 540, whose pixel and sensor sizes are 6.9 µm × 6.9 µm
and 1/2.9 inch, respectively. It can capture and transfer 10-bit
color images at 437 fps through a USB 3.0 interface.

The ultrafast galvano-mirror is controlled by the computer
through a 16-bit precision AD/DA controller. To get flexible
and configurable properties, we use a Xilinx FPGA (Spartan-
6) to control the controller. When reaching the target position,
the control board triggers the high-speed camera to capture the
particle image. The small-angle step response of our galvano-
mirror is 0.25 ms. To make the FOV of the panoramic image
equal to the covering scene of the switching galvano-mirror,
the size of the wide-area image is set to 1440 × 1200 pixels.
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TABLE II: The prior statistics of object-region semantic
relationship

Object O Region Sr Relationship Probability P (O|Sr)

human

road human on road 15.5%
sidewalk human on sidewalk 78.2%

tree human next to tree 5.1%
building human on building 1.1%

sky human on sky 0.1%

vehicle

road vehicle on road 84.7%
sidewalk vehicle on sidewalk 12.9%

tree vehicle next tree 2.2%
building vehicle on building 0.2%

sky vehicle on sky 0.0%

Besides, one particle image corresponds to an RGB image of
size 400 × 340 pixels in the high-speed camera.

All the hardware and algorithms are controlled and running
on a desktop computer with an Intel Core i7-8700K CPU @
3.70 GHz, 16-GB DDR-4 RAM, 256 GB of memory, and a
single NVIDIA GeForce GTX 1080 Ti GPU.

V. EXPERIMENTS

A. System Evaluation

Since we are only interested in object detection in a wide-
area scene, how to efficiently detect objects in this unknown
environment while avoiding aimlessly searching is the ultimate
goal of this task. To extract the high-probability regions where
the desired object will occur, the prior statistics of object-
region semantic relationship P (O|Sr) is critical to estimate
the RPM F(Sr,O). The development of visual relationship
extraction in computer vision leads to the construction of
Visual Genome [38]. The Visual Genome is a comprehensive
dataset for a multi-layered study of an image, which includes
pixel-level information like objects, relationships that describe
object-subject interaction, and even deeper cognitive tasks like
question answering. This dataset provides dense annotations
about objects, attributes, and relationships. There are 108077
images and 1531448 relationships, where each image has
an average of 35 objects, 26 attributes, and 21 relationships
between objects. Based on the interactions and relationships
between objects and regions in an image of Visual Genome,
e.g.,“person on street”,“person on sidewalk”, “car on road”
and “bus near building”, we could get the prior informations
from the annotations.

In our experimental scenario, the statistics of the object-
region relationship from the Visual Genome dataset are made,
and the region categories are set to ”road”, ”tree”, ”sidewalk”,
”building”, and ”sky”. The objects are set to ”human” and
”vehicle”. We list the relationships between objects and re-
gions and the corresponding conditional probabilities in Table
II. Human has the highest probability of occurring on the
sidewalk (78.2%) but with the lowest probability of falling
on the sky (0.1%). Vehicles, like cars, trucks, buses, and
motorcycles, they are most likely to occur on roads (84.7%),
but less likely to be next to trees (2.2%) and buildings (0.2%).
Moreover, vehicles are not possible to be existing in the sky.
These statistical probabilities coincide with our intuitions.
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Fig. 7. The trend of the recall curve under different numbers of particles. The
proposed method outperforms the other two methods under the same particles.

TABLE III: The recall comparison of different methods

Method
#Nums 150 250 350 450 550 650 750 850

SW detection 0.40 0.51 0.63 0.71 0.78 0.83 0.85 0.92
MPF-based detection 0.61 0.69 0.75 0.79 0.84 0.89 0.92 0.97
RPM-guided PF (ours) 0.73 0.79 0.84 0.85 0.87 0.91 0.94 0.98

1) Recall Comparison of Different Sampling Particles:
To show the detection performance of the proposed wide-
area multiobject detection system, we first conduct recall
experiments to verify the effectiveness of the segmentation-
based RPM generation module in object detection. We com-
pare our method against two other representative wide-area
detection methods, i.e., the MPF-based method [12] and the
sliding window (SW) method. The resolution of the captured
image for these three methods is set to 400 × 340, and the
detection FOV is the same as the scanning galvano-mirror,
which is 40◦ × 40◦. For our region-based PF method, the
segmentation model for high-probability region extraction is
DFANet [37]. During detection, we select YOLOv3 [24] as
the object detector to analyze each image captured by the
high-speed camera. To make a successful object detection in
the wide area, we set the detection intersection over union
(IOU) to 0.5, which means the true positive detection IOU
must larger than 0.5. The stride for SW ranges from 100 to
400 pixels according to the number of particles. The recall
result of different methods under the same particle numbers
is shown in Table III, where #nums is the number of total
particles. To make a fairly comparison, we fixed the scene to
run different methods, about 40% is road, 20% is sidewalk,
10% is tree, 20% is building, and 10% is sky.

As can be seen from the table, when using limited particles,
e.g., 150 particles, our proposed RPM-guided PF gets the high-
est recall among the three methods, about 0.73. However, the
MPF method only achieves 0.61 recall, which indicates that the
RPM generation model is critical to reducing the search region
by concentrating the detection resources on more important
regions. The SW gets the lowest recall rate, at 0.40. Since
the SW method does not consider the semantic information
that different regions have different probabilities. With the
growing number of particles, the recall for the three methods
is gradually increasing, which means that more scanning
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Fig. 8. The time cost of different methods to achieve the same preset recall
rate. Our method costs the least time compared with other methods.

TABLE IV: Comparison of particle numbers for different
methods to get the same recall

Method
Recall 0.1 0.3 0.5 0.7 0.9

SW detection 116 182 367 471 874
MPF-based detection 73 136 217 310 650
RPM-guided PF (ours) 43 82 164 203 463

resources are assigned to the detection framework. Thus, more
dense particles are distributed around the covering wide area,
resulting in a higher recall. Nevertheless, when achieving the
same recall, our method uses fewer particles, e.g., RPM-guided
PF only needs 650 particles to achieve a 0.91 recall, while
MPF requires about 750 particles. Not to mention that SW
needs 850 particles. The efficiency improvement compared
with MPF and SW is about 15.38% and 30.76%, respectively.

To facilitate the comparison, we plot the trend of the recall
curve under different particles in Fig. 7. One can find out
that our proposed method always outperforms the other two
methods under the same number of particles. The recall gain
is extremely large when sampling lower particles.

2) Detection Time Cost Comparison: To verify the detec-
tion cost of our proposed multiobject detection system, we
set the same number of target objects that are distributed in
the same regions. The time cost comparison under different
recall rates is shown in Fig. 8. Three detection algorithms
are chosen to be integrated into our galvano-mirror based
wide-area detection system, i.e., RPM-guided PF, MPF, and
SW detection methods. Specifically, during the experiment,
there are 10 objects in the wide-area scenario. To get a
fair comparison, we fixed the objects’ position when running
different detection algorithms. Then, the time cost is calculated
by running different methods when reaching the preset recall
rate from 0.1 to 0.9. Every method could adjust the particle
numbers to achieve the final goal, i.e., when a small number
of particles is not able to detect a certain number of objects, it
could increase particles until reaching the Apreset recall. The
detailed particle numbers for each method to get the same
recall rate is given in Table IV. We can draw the conclusion
that the proposed RPM-guided PF method samples the fewest
particles to get the desired recall, which is also the fastest
method among the three methods.

TABLE V: The recall comparison of different methods under
different proportions of high probability regions

Method
Proportional(%) 25 33 39 45 52

SW detection 0.461 0.580 0.677 0.713 0.754
MPF-based detection 0.649 0.725 0.753 0.782 0.810
RPM-guided PF (ours) 0.922 0.887 0.862 0.836 0.834

As illustrated in Fig. 8, when setting a low recall rate, e.g.,
0.1, our RPM-guided PF costs the lowest time, about 0.33s.
While the other two methods spend more time on searching
and detection. The detection cost gradually increases when
setting a higher recall. Since SW does not consider any scene
structures, which is the slowest wide-area detection method.
One can conclude that the region-guided method is the best
detection framework that achieves a good tradeoff between
detection performance and search efficiency. E.g., when the
recall rate is set to 0.9, the SW costs a massive time, about
5.89 s, and the MPF-based method costs relatively less time,
about 2.56 s. In contrast, our method get the bests results,
which only cost 1.85 s to achieve a 0.9 recall. Although the
MPF method achieves better performance compared with SW,
it still needs random particle sampling from the whole large
FOV. Whereas our proposed RPM-guided PF detection method
benefits from the probability measurement of different regions,
which enables the system to sample particles around high-
probability regions at the beginning stages. Thus, the RPM
generation PF is efficient in wide-area multiobject detection
by constructing the object-region semantic relationship.

B. Generalization of RPM Generation

To show the generalization of the proposed RPM gener-
ation module, we change the monitoring scene by adjusting
the proportion of different regions. The systems setting are
the same as the above. We choose five different FOVs to
conduct this experiment, where the high probability region is
respectively set to 25%, 33%, 39%, 45%, and 52%. For a fair
comparison, we assign 400 particles/scans to SW, MPF, and
RPM-guided PF. Then, humans and vehicles are selected as
objects of interest. Based on this setting, we mainly change
the area of roads and sidewalks in the covering scene to
satisfy the proportions of high probability regions. The detailed
comparisons of recall rates are listed in Table V.

We can see that when the area of the high probability region
is smaller, our RPM-guided PF gets the superior recall rate,
i.e., 0.922 recall under 25% high probability region setting,
while the other two methods get large margin lower recall
rates, 0.461 and 0.649 for SW and MPF, respectively. When
the proportion increases, the recall rate for our proposed
method is slightly decreasing, which is a reasonable result
since the area of the potential region where objects will occur
is becoming large. When the proportion is set to 52%, the par-
ticles are more scattered throughout the large area, resulting in
a more sparse detection paradigm where most particles contain
invalid content. Thus, the recall rate is slightly decreased, to
about 0.834. However, compared with SW (0.754) and MPF
(0.810), the performance is still optimal.
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TABLE VI: Comparison results of AP, number of scans, time
cost, and speed of three methods with different detectors

Method AP (%) #scans cost t (s) speed (fps)

SW-Stride-80 94.73 4020 44.42 90.50
SW-Stride-150 85.49 1143 12.63 90.49
SW-Stride-220 69.32 531 5.87 90.46

MPF (YOLOv3-tiny) 89.42 400 1.43 279.72
MPF (YOLOv3) 94.19 400 4.57 87.45

MPF (Faster R-CNN) 95.18 400 15.03 26.63
MPF (RetinaNet) 95.75 400 14.49 27.61

RPM-PF (YOLOv3-tiny) 92.47 400 1.33 300.21
RPM-PF (YOLOv3) 95.33 400 4.42 90.36

RPM-PF (Faster R-CNN) 96.67 400 14.70 27.21
RPM-PF (RetinaNet) 96.83 400 14.22 28.13

One can conclude that the performance of our method is
superior to the other two methods in any scenario, which
indicates that the RPM could adaptively assign different de-
tection resources accordingly to the changes in the monitoring
scene. It’s worth noting that when there is a small region
that objects may occur in, our system could concentrate the
sampling resources on more likely regions in a dense detection
manner. Hence, the effectiveness and generalization of the
RPM generation module are verified under various scenarios.

C. Detection Speed Analysis

The desired objects may dynamically change their positions
within the large FOV. How to search out these objects in real-
time and with low latency is a key factor in achieving wide-
area situation awareness. To show the detection performance
in terms of accuracy and speed, we compare our RPM-guided
PF with other methods by changing the detector employed
in the framework. Table VI presents detailed information on
average precision (AP), the number of scans (#scans), time
cost (second), and detection speed (fps). For the SW method,
we employ YOLOv3 as the window detector. The stride of SW
is set to 80, 150, and 220 pixels, respectively. For MPF and
RPM-based PF, we adopt four object detection models as the
detector to compute the measurement in Eq. 14, which include
YOLOv3 [24], YOLOv3-tiny [24], Faster R-CNN (backbone:
ResNet-50) [26] and RetinaNet (backbone: ResNet-50-FPN)
[11]. For a fair comparison, the particle number is set to 400.

The results show that our method gets the highest AP
when using RetinaNet as the detector (96.83%). Similarly, our
system can also achieve a better tradeoff between accuracy
and detection speed, e.g., RPM-guided PF with YOLOv3-tiny
achieves 300.21 fps while maintaining 92.47% AP. Although
SW with 80 strides gets a comparable AP, 94.73%, the detec-
tion cost is extremely large (44.42 s), which is unacceptable for
real-time multiobject detection. The same imbalance occurs in
a large stride, e.g., SW with 220 strides costs 5.87 s, but only
achieves 69.32% AP. Compared with the MPF method that
estimates the probability distribution over the whole wide-area
scene, the selective sampling strategy in our method enables a
more dense detection in the reduced search space and avoids
uniform sampling in the wide area. Thus, the AP of our method

TABLE VII: Speed comparison when employing different
segmentation models

Segmentation model FLOPs (G) cost t(ms) speed (fps)

DeepLabV3 [36] 65.3 31.1 271.01
SegNet [39] 286.0 59.9 262.18
ENet [40] 3.8 21.0 274.29
DFANet 3.4 9.7 300.21

TABLE VIII: Particle assignment results for different regions

Region P (O|Sr) Area F(Sr,O) Particles

Road 84.7% 34.3% 93.2% 373
Sidewalk 12.9% 13.2% 5.5% 22

Tree 2.2% 15.5% 1.1% 4
Building 0.2% 26.7% 0.2% 1

Sky 0.0% 10.3% 0.0% 0

Total 100.0% 100.0% 100.0% 400

is always higher than MPF when adopting the same detector
(96.83% AP vs. 95.75% AP for RetinaNet, 95.33% AP vs.
94.19% AP for YOLOv3, etc.).

Through the comparison, one can find that the YOLOv3
series models are very efficient in high-speed object detection,
which enhanced the system’s detection efficiency. In terms of
RPM generation module, thanks to the lightweight DFANet
model that is used to coarsely segment different regions of
the wide area, a lot of detection time is saved that would
have been spent on lower probability measure regions. We
also select 4 different segmentation models to deploy into the
RPM generation module. The FLOPs, segmentation cost, and
speed comparison are given in Table VII. One can find that
DFANet is relatively smaller in computation cost (FLOPs),
and is the fastest model (300.21 fps) when compared with the
other methods. It’s worth noting that the segmentation model
is running once, which has no impact on the overall detection
speed. So, several efficient segmentation models could be
chosen as the coarse pre-processing model. In summary, these
results indicate that our method can detect multiobject at real-
time high-speed by concentrating on important regions.

D. Outdoor Experiment

Finally, to validate the efficiency and robustness of the
RPM-guided PF for wide-area multiobejct detection, we con-
duct experiments in an outdoor environment. In this exper-
iment, we choose vehicles as objects of interest. Fig. 9 (a)
shows the environment of the outdoor scene, which includes
roads, sidewalks, trees, buildings, and sky. The working dis-
tance ranges from 50 m to 90 m. The area of different regions
is mixed as follows: about 34.3% is road, 13.2% is sidewalk,
15.5% is tree, 26.7% is building, and 10.3% is sky. Other
system configurations are the same as in Section IV-B.

1) Detection performance in lower probability regions: The
first part aims at demonstrating the RPM generation module
could help the detection framework not only concentrate on
large regions but also assign a set of particles to small regions
where the object-region semantic relationship is strong. To
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Fig. 9. Detection performance in lower probability regions. (a) The panoramic
image. (b) The semantic segmentation result. (c) The detection results by
RPM-guided PF.

speed up the detection, we sample 400 particles from the
whole wide area. For the wide-area FOV displayed in Fig.
9 (a), the detailed particle assignment generated by the RPM
module is listed in Table VIII, where P (O|Sr) is the prior
statistics of object-region relationship from Visual Genome,
and the area is P (Sr), F(Sr,O) is the assigned probability
measurement.

In this experiment, 373 and 22 particles are assigned to
roads and sidewalks, respectively. In contrast, a small number
of particles are distributed around trees, buildings, and sky.
These region probability measurements and the assignment
particles are consistent with our experience and statistical
analysis. The coarsely segmentation result is depicted in Fig.
9 (b). Based on the extraction regions and the probability map,
the region-guided PF is applied to different regions to detect
target objects. The detection results captured by the galvano-
mirror are shown in Fig. 9 (c). There are five cars searched
out by our system. Each car is in the center of the image
owing to the particle state calibration in PF. The red points
are the particles that captured these objects. One can see that
although these cars are distributed along the relatively narrow
sidewalk of the scene, the RPM module makes the system
allocate moderate detection resources in this region during the
first stage of particle sampling. Then, the following processing
steps in region-based PF will gradually focus on this area,
leading to the successful detection of five cars. Consequently,
the robustness of the RPM generation is verified.

2) Real-time performance in dynamic environments: We
further analyze the real-time detection performance when the
environment is changing. Fig. 10 shows the panoramic image
and detection results. We can see that most cars are searched
out by our detection system. When cars are moving, the
optimized control strategy, which integrates the algorithms and
hardware platforms in a high-parallelism manner, could im-
mediately adjust the state of corresponding particles, resulting

(b)(a) 

(c)

Fig. 10. Real-time detection performance in dynamic environments. (a) The
captured panoramic dynamic image. (b) The semantic segmentation result. (c)
The detection results of moving cars by RPM-guided PF.
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Fig. 11. Visualization of the probability density map for the outdoor environ-
ment estimated by RPM-guided PF.

in always-focused images. Through object-region probability
assignment, the sampling particles could focus on regions with
high probability measurements. As shown in Fig. 10 (b), most
particles (marked as red dots) are distributed on the road
and sidewalk. Fig. 10 (c) presents the captured cars. In this
experiment, the high-speed camera captured the object image
at an extremely low latency, about 1 ms, which could avoid
the motion blur caused by these moving cars. Obviously, the
quality of these real-time captured car images is clear, making
the downstream tasks benefit a lot from these detailed images.

We also visualize the 2D and 3D probability density maps of
the large FOV estimated by our region probability estimation
method in Fig. 11. Obviously, one can observe that the
estimated higher probability region is mainly distributed in
the road and sidewalk parts of the wide-area scene, which
indicates that the RPM generation module could provide
good guidance for the region-based PF detection framework.
Through several iterations, the resulting probability density
function is refined and achieves a more fine-grained accuracy.
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Consequently, our proposed region-guided PF algorithm
based on a high-speed system and a galvano-mirror that
applies to wide-area multiobject detection is further confirmed
in terms of real-time dynamic response and accuracy.

VI. CONCLUSION

In this paper, we proposed an RPM generation module
for a fast wide-area detection system that can simultaneously
detect multiobjects at 300 fps through a coarse-to-fine-grained
paradigm. First, to model the existence of desired objects in
an unknown environment, we designed a segmentation-based
probability estimation module to reduce the search region by
modeling the probability of the whole scene. Then, based
on the probability map, a novel region-based PF framework
is proposed to speed up the detection by concentrating on
important regions, where the galvano-mirror is employed to
extend the limited single FOV to a large scenario. Besides,
we designed a high-parallelism control strategy to integrate
the algorithms and hardware into a high response and low
latency system that can simultaneously detect hundreds of
particle images. Several experiments were conducted to verify
the robustness and effectiveness of our proposed system.
Compared with existing wide-area detection algorithms, the
proposed framework shows substantial values when working
in dynamic environments.

In the future, we plan to improve the adaptive ability of the
detecion system that enables our detection framework to be
applied to any scenario without prior object-region semantic
relationship statistics.
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